Genome-wide association studies have identified numerous loci demonstrating genome-wide significant association with Crohn's disease. However, when many single nucleotide polymorphisms (SNPs) have weak-to-moderate disease risks, genetic risk prediction models based only on those markers that pass the most stringent statistical significance testing threshold may be suboptimal. Haplotype-based predictive models may provide advantages over single-SNP approaches by facilitating detection of associations driven by cis-interactions among nearby SNPs. In addition, these approaches may be helpful in assaying non-genotyped, rare causal variants. In this study, we investigated the use of two-marker haplotypes for risk prediction in Crohn's disease and show that it leads to improved prediction accuracy compared with single-point analyses. With large numbers of predictors, traditional classification methods such as logistic regression and support vector machine approaches may be suboptimal. An alternative approach is to apply the risk-score method calculated as the number of risk haplotypes an individual carries, both within and across loci. We used the area under the curve (AUC) of the receiver operating curve to assess the performance of prediction models in large-scale genetic data, and observed that the prediction performance in the validation cohort continues to improve as thousands of haplotypes are included in the model, with the AUC reaching its plateau at 0.72 at ∼7000 haplotypes, and begins to gradually decline after that point. In contrast, using the SNP as predictors, we only obtained maximum AUC of 0.65. Validation studies in independent cohorts further support improved prediction capacity with multi-marker, as opposed to single marker analyses.
INTRODUCTION
Crohn's disease is one subtype of inflammatory bowel disease. It affects as many as 630 000 people in North America, and 850 000 in Europe with similar incidence. Its incidence is lower in Asia and Africa, and higher among Ashkenazi Jews (1) . Symptoms include abdominal pain, diarrhea, and among children, growth failure is common (2) .
The pathogenesis of Crohn's disease is multifactorial and includes a strong genetic component (2) . Individuals with an affected sibling are significantly more likely to develop the disease than the control population. Two studies estimated the ratio of the risk of siblings of patients to the reported population prevalence in white populations resident in the UK. In Oxford, UK, the relative risk for Crohn's disease was estimated at 36.5 (3) . Multiple genome-wide association studies (GWAS) have been performed to identify genetic variants associated with Crohn's disease in European ancestry populations (4-10), and meta-analysis of GWAS has identified .30 distinct susceptibility loci for Crohn's disease (11) . A number of loci were identified for which the power to detect association was limited, suggesting that presently identified loci represent only a fraction of contributing genetic loci in Crohn's disease. Despite the plethora of genome-wide significant loci identified in Crohn's disease thus far, present association signals account for ,25% of the predicted heritability (11) . In addition to common variation of modest effects identified through single-point analysis of the GWAS data, it is anticipated that uncommon variation at distinct loci may contribute significantly to overall disease risk (12, 13) . Taken together, the overall genetic architecture and optimal development of risk models of Crohn's disease may be significantly more complex than previously anticipated.
Two prior papers have considered risk prediction for Crohn's disease. Jakobsdottir et al. (14) constructed a risk prediction model using five single nucleotide polymorphisms (SNPs). Based on the Lu and Elston method (15) , they developed a model with an area under the curve (AUC) of 0.66. However, validation of their model was based on theoretical results instead of an independent validation cohort. In another paper, Evans et al. (16) constructed a risk model for Crohn's disease using the disease susceptibility markers identified from the Crohn's disease meta-analysis (11) . Using a 10-fold cross-validation scheme, they observed an average AUC of 0.769. However, because the validation cohort used in their analysis was a subset of the discovery cohort that identified the significant markers in the first place, there was a substantial amount of overlap between the marker discovery cohort and training/testing cohort. This is a well-documented problem in the data-mining literature, and could severely upwardly bias estimates of prediction performance (17) (18) (19) . In fact, in an unpublished work, we found that using the same Crohn's disease cohort for feature selection, model development and testing, prediction accuracy can be inflated by as much as 35%. Therefore, a key component of accurately assessing genetic risk prediction models is the use of independent training and testing cohorts.
When many SNPs have weak-to-moderate disease risks, a genetic risk prediction model based only on those markers that pass the most stringent statistical significance testing threshold may be suboptimal. We found that the best prediction accuracy was often achieved when hundreds or more markers were included in the model, instead of including only those few with highly statistically significant associations (20) . Given the enormous complexity of genetic contributions in Crohn's disease, we sought to develop improved prediction risk models based on genome-wide approaches that more comprehensively capture potential contributing genetic variation.
Haplotype-based association testing may offer several advantages over the standard 'one-SNP-at-a-time' approach. First, haplotype methods facilitate detection of associations driven by cis-interactions among nearby SNPs that might be missed by methods that consider SNPs one at a time. Several mutations on a haplotype may cause a series of changes in amino acid coding and result in a larger joint effect on the disease trait than the single amino acid changes caused by single mutations. Examples include the lipoprotein lipase-responsible gene in humans (21) and a gene influencing initial lactase activity in humans (22) . In this case, haplotypes should reveal more information on disease mechanisms at a candidate gene than single SNPs. Secondly, haplotype-based analysis may be helpful in identifying rare causal variants. Finally, haplotype approaches recognize that variation in populations is inherently structured into genomic blocks and exploit these correlations among SNPs. For all these reasons, using haplotypes in association testing is expected to increase power relative to single-SNP approaches, and studies based on the human haplotype structure have provided support for this (23, 24) .
In a recent paper by Shim et al. (23) , the authors compared the performance of single SNPs versus haplotypes using association data from the North American Rheumatoid Arthritis Consortium. They discovered that some associations were only detected using haplotype-based tests perhaps resulting from the factors cited above. They also found associations using individual SNPs that were not seen in haplotype tests because if there is only a single SNP exhibiting strong linkage disequilibrium with a causal variant, having a long haplotype block with several adjacent SNPs may dilute the strength of the association. In addition, long haplotypes are more difficult to be accurately phased, and the phasing error may worsen the performance of haplotype-based association testing (25, 26) . Based on these previous findings, analyses based on short haplotype blocks may both provide advantages and mitigate the disadvantages of longer haplotype-based approaches. We hypothesized this because (i) given a reasonably large sample size, short haplotype blocks are easy to phase with the standard expectation maximization algorithm, and the results tend to be stable, and (ii) signal dilution will be less severe in shorter haplotypes, if there is indeed only one causal variant in the entire haplotype block. In this article, we investigate the use of two-marker haplotypes for risk prediction in Crohn's disease, and show that it leads to improved prediction accuracy compared with single-point analyses.
RESULTS

Comparisons of different prediction methods
As described above, we considered three classification methods to develop a risk prediction model using the combined National Institute of Diabetes and Digestive and Kidney Diseases (NIDDK) and Belgian cohorts as the training data set (n ¼ 2223) and the pediatric data set as the validation cohort (n ¼ 735). For each method, we evaluated the effect of the number of haplotypes included in the risk prediction model. For performance assessment, we calculated the AUCs obtained from the validation cohort as a function of the number of the 1000 most significantly associated haplotypes. The results are summarized in Figure 1 .
As the number of haplotypes included in the prediction model increases to the range of hundreds or thousands, logistic regression and support vector machine (SVM) methods become more computationally intensive compared with the risk-score method. Furthermore, because logistic regression uses Newton -Raphson to obtain regression coefficients, when the feature set becomes large, algorithm convergence is often not met.
For both SVM and the risk-score methods, we observed the general trend of improved prediction performance with more haplotypes included in the model. The most substantial increase in the AUC occurs when we included around 300 haplotypes in the model (Fig. 1 ). For the logistic regression method, we notice a gradual decline in the AUC when we included .60 haplotypes in the model. This could be due to the non-convergence of the Newton -Raphson algorithm when the dimensions of the feature set increases.
Comparing the three classification methods' performances on the top 1000 haplotypes, we discovered that the riskscore method not only has the advantage of a much shorter computational time, but also outperformed the other two methods in terms of prediction accuracy. Therefore, in subsequent analyses, we focused on the risk-score method.
The number of haplotypes used in prediction
In the next step, we explored whether including .1000 haplotypes in the prediction model would further improve prediction performance, and the results are summarized in Figure 2 . To better visualize the relationship between the AUC and the number of haplotypes included in the model, we smoothed the curve using the Loess smoothing technique. The prediction performance in the validation cohort continues to improve as thousands of haplotypes are included in the model. The AUC reaches its plateau at 0.72 when 7000 haplotypes are used for prediction, and begins to gradually decline after that point.
We next examined the frequency distribution in the three cohorts of the top 7000 most significantly associated haplotypes used in the analysis. We found that the haplotype frequencies are highly correlated in the three cohorts (R 2 . 0.99), as shown in Figure 3 . The risk score generated using the risk-score approach provides a proxy for the propensity that someone will develop the disease. In Figure 4 , we plot the distribution of the case/control groups' risk scores generated from the 7000 risk haplotypes used in the prediction model in the validation cohort. We find that in the validation cohort, the risk score is capable of separating the cases from the controls, although the separation is not quite profound.
Comparison with single-SNP-based prediction
We next investigated how much benefit is gained by using haplotypes instead of single SNPs to construct the risk prediction model for Crohn's disease. Similar to Figure 2 , we plotted the AUC generated from the risk-score method as a function of the number of SNPs included in the model in Figure 5 . Using directly genotyped SNP as predictors, we obtained a maximum AUC of 0.647 when 2000 SNPs were included in the model. When including imputed SNPs into the prediction model, the maximum AUC was improved by ,0.01 -0.655, which remains significantly lower than the AUC derived using a haplotype-based model.
Comparison with pruned haplotypes
The prediction performance worsened with the pruned set of haplotypes, and the maximum AUC dropped to 0.695.
DISCUSSION
Currently, the main approach adopted by many companies (e.g. 23 and ME, DecodeME, etc.) to carry out directto-consumer genetic testing is to test individuals only at wellestablished loci known to affect the risk of complex diseases. However, for many diseases, the established loci could only collectively explain a small portion of the genetic contribution, which suggests that many more disease-associated genetic variants (especially for those less common variants) are yet to be discovered. Therefore, estimates of risk based upon the known locus associations are likely to change dramatically in the next few years, raising questions on the stability of the current risk estimates. In fact, several papers demonstrate that updating risk factor profile may generate contradictory information about an individual's risk status over time (27, 28) . In addition, current methods only use single-marker information, whereas haplotypes may offer additional information for risk predictions. In the light of these issues, including a large number of predictors in the model (e.g. both nominally significant variants and established risk loci) seems to be an attractive alternative to using only the most highly associated loci. It has been shown that the prediction performance can be improved when there are a large number of weak predictors, each of which is merely nominally significant, especially for diseases such as bipolar disorder and coronary heart disease (16) . In this paper, we showed that the prediction model for Crohn's disease also follows this trend. In our Crohn's disease prediction model, the prediction performance steadily improves until the number of predictors reaches the scale of thousands, and this is observed for both haplotype and single-SNP predictors. When there are far more predictors than sample size (n,,P), traditional classification methods such as logistic regression and SVM may become inadequate both in terms of algorithm convergence and computational efficiency. An alternative way that has been considered in the literature to summarize large-scale genotype data is to use the risk-score method. Although the risk-score approach procedure does not incorporate information about effect size of each individual predictor, we found that it may outperform methods that do utilize this information (e.g. logistic regression, SVM) when the power of the study is low. This observation agrees with the results from simulation studies conducted by Kang et al. (20) , and can probably be accounted for by the difficulties of accurate effect-size estimates in the high-dimensional data setting.
The risk-score method has been adopted in a number of previously published studies for complex diseases, such as diabetes, bipolar disease and Crohn's disease. In our analysis, we constructed Crohn's disease risk prediction model using both SNPs and two-marker haplotypes as predictors. Although the model evaluation criteria are different (e.g. external evaluation versus cross-validation), the performance of the single-SNP prediction model in our analysis seems to closely match the results presented by Evans et al. (16) , in which they also used the risk-score method to perform Crohn's disease risk prediction. However, recognizing that for some diseases, haplotypes might be a better unit of capturing the genetic information, we also constructed our risk prediction model for Crohn's disease using haplotypes as predictors. For Crohn's disease, we observe that the risk model established with haplotypes has a better performance models built with single-SNP information; compared to the single-marker approach, the multi-marker approach increased variance explained from 0.08 to 0.14. It is worthwhile noting that although the risk-score method uses a summary statistic to build the model and may not be sensitive to the problem of correlated predictors, we compared the prediction performance of the model with and without pruning (e.g. with and without removing those highly correlated haplotypes from the predictor set), and it appears that the prediction performance worsens with pruning.
MATERIALS AND METHODS
Cohort description
We included three European ancestry Crohn's disease cohorts in our analyses. The North American NIDDK IBD Genetics Consortium cohorts were genotyped on the Illumina HumanHap300 platform. Only the non-Jewish NIDDK subjects were included in the analysis. The Belgian -French cohort was also genotyped on the Illumina HumanHap300 platform, while the pediatric cohort was genotyped on the Illumina HumanHap550 Genotyping BeadChip. More details about the individual cohorts can be found in their original publications (6 -8) .
We combined the NIDDK and the Belgian -French cohorts into one cohort as our discovery cohort, and use the pediatric cohort as the validation cohort. Although the discovery cohort was primarily ascertained through adult gastroenterology practices, it is believed that there is very little difference in the genetic component between the adult-onset and pediatric-onset cohorts (9); therefore, the pediatric cohort is a suitable independent replication cohort.
Data cleaning
Genotype data of each individual cohort were subjected to rigorous quality control (QC) measures to remove poor-quality SNPs. First, we excluded any SNP in Hardy -Weinberg disequilibrium (Chi-square test P-value ,0.0001 in cases or controls), SNPs that have .5% missing data and any SNP with a minor allele frequency ,2%. Using these filters, 3% of the SNPs in the NIDDK Non Jewish cohort, 2% of the SNPs in the Belgium -France cohort and 6.5% of the SNPs in the pediatric cohort were removed. We then included an intersection of the post-QC genotypes from the three cohorts; 284 941 SNPs shared by all of the three cohorts. In the next step, we aligned the strands of the three cohorts to the Hapmap CEU population to facilitate subsequent merging.
At the subject level, individuals having .5% missing SNPs were removed, and one, zero and four people were removed from the NIDDK, the Belgian -French and the pediatric cohorts, respectively.
Recognizing the potential confounding that may be created from combining two samples into a single discovery cohort, before combining the NIDDK and Belgian cohorts, SNPs having significantly different minor allele frequencies (Chi-square proportion test P-value ,0.01) between the two cohorts were removed from the analysis ( Table 1) . A total of 21 959 SNPs were removed following this scheme, and 262 982 SNPs were retained in the proceeding analysis. The genomic inflation factor of the post-QC discovery cohort was 1.08. Note that there is no overlap between the discovery and the validation cohorts in terms of their geographic locations, therefore the false association signals resulting from the population structure in the discovery cohort are less likely to be replicated in the validation cohort. And because our main goal for this work is to perform prediction instead of association detection, we did not adjust for the population structure in the subsequent analysis. Next, we coded the individual cohort membership difference in the merged cohort as a binary variable (e.g. 0 ¼ BelgianFrench, 1 ¼ NIDDK), and tested its significance by including it in the logistic regression model of marker association testing. In the discovery cohort, there were 35 markers passing a lenient genome-wide threshold (5 × 10 25 ), and the membership variable is not significant (.0.05) for all the top markers. Furthermore, because false association signals resulting from the population structure are less likely to be replicated in an independent validation cohort, we think including false positives from the discovery cohort will more likely hurt the prediction performance of the prediction model instead of inflating it. Therefore, combining all of the above findings, we believe that merging the two data sets to form the discovery cohort does not impose a serious problem in the risk prediction analysis.
Genotype imputation
Recognizing that prediction performance using single SNPs may be improved using imputed instead of directly genotyped markers, we utilize PLINK to perform the imputation, with the HapMap III CEU population as the reference panel. The required confidence threshold for making a genotype call was set at 0.8. The same QC filters as described previously for the directly genotyped markers were applied.
Haplotype construction
The entire genome was scanned with a sliding window of size 2, i.e. two SNPs were considered one at a time. Haplotypes were phased using the standard EM algorithm implemented in PLINK (29) . Assuming an additive genetic model, each possible two-SNP haplotype in the sliding window is represented as a three-level categorical variable, corresponding to the number of copies each haplotype presents within each study participant. Following this recoding scheme, haplotypes can be treated in a similar way as their single-SNP counterparts, and methods developed for single-SNP association testing can be applied to the haplotypes. To avoid spurious association signals resulting from systematic missing patterns between the case and the control groups, missing haplotypes due to missing SNPs were imputed using the K-nearest neighbor algorithm. Specifically, a block containing 1000 haplotypes centered at the missing haplotype is extracted from the genome, and the genotype of the missing haplotype is imputed based on a vote of its K-nearest neighbor haplotypes ( Table 2) . We chose k ¼ 3 in our imputation because it has been shown to work well when the block size is small (30) .
Haplotype selection
For each haplotype, a standard logistic regression is performed to obtain its marginal association significance with the disease phenotype. Haplotypes are then ranked by the significance of their disease association, measured by P-values. Assuming that those haplotypes most significantly associated with disease are also good classifiers, a significance cut-off threshold is applied, and features (i.e. haplotypes) with more significant associations than the cut-off level are included in the prediction model. As part of the QC, we removed those haplotypes occurring at frequencies ,10%, and those haplotypes having significantly different frequencies between the discovery and the validation cohorts (Chi-square proportion test P-value ,0.05). Following this QC scheme, among the 
Classification algorithms
We considered three commonly used classification methods: logistic regression, risk-score logistic regression and SVM. For each haplotype selected, we standardize its direction of risk by choosing the reference haplotype as the one that gives an odds ratio ≥1 such that haplotype coding represents the copies of risk haplotypes present. In the risk-score logistic regression, the risk score is calculated as the number of risk haplotypes an individual carries, both within and across loci:
where x i is the number of the two-SNP risk haplotypes (0, 1, 2) at ith selected haplotype window. The overall risk score serves as a proxy for the risk of a subject developing disease, and it is then treated as the single predictor in the logistic regression framework for model training and validation. It is worth noting that this method essentially assumes that all risk haplotypes contribute equally to disease risk. For both the SVM regression and logistic regression methods, the binary disease trait (or the logit of the binary trait) is constructed as a linear combination of the predictor haplotypes. Note that these two procedures incorporate information about effect-size estimates of each individual haplotype.
Model evaluation
Janssens et al. (31) advocated that the AUC of the receiver operating characteristic (ROC) curve should be used to assess the performance of prediction models in the large-scale genetic data. And for the published genetic prediction models of many diseases, it has become a standard practice to report the AUC as the measurement of the prediction quality (32) (33) (34) . Briefly, the ROC curve represents the combination of sensitivity and specificity for each possible cut-off value of the continuous test result that can be considered to define positive and negative test outcomes. It is the probability that given a random pair of individuals, between whom one will develop the disease and the other will not; the classifier will assign the former a positive test result and the latter a negative result. Theoretically, the AUC can take values between 0 and 1, where a perfect classifier will take the value of 1. However, the practical lower bound for random classification is 0.5, and classifiers with an AUC significantly .0.5 have at least some ability to discriminate between cases and controls. Here, we evaluated our prediction model for Crohn's disease using the AUC obtained from the independent validation cohort.
Haplotype pruning
Pruning was achieved via a sliding window approach, with window size of 50, and the number of haplotypes to shift the window at each step is 5. Haplotypes within each sliding window are pruned at the pair-wise correlation threshold of 0.7.
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